Abstract. Accurate segmentation of liver and tumors from abdominal computer tomography (CT) scans is critical for computer-assisted diagnosis and therapy. In this paper, we proposed a graph cuts based segmentation approach for fast automatic liver segmentation and semi-automatic liver tumor segmentation from CT images. Only one seed point for each tumor was selected manually. Liver/tumor volumes of interest (VOI) were extracted automatically and supervoxels were employed to reduce the computational cost. Intensity and spatial information were incorporated into the graph cuts algorithm. Experimental results demonstrate that the proposed method can detect the liver and tumor accurately with significant reduction of processing time.
Introduction
Computed tomography (CT) has been widely used for tumor detection and diagnosis because of its high resolution. Computer aided diagnosis of liver tumors from abdominal CT images requires segmentation of tumor [1] . It is a challenging task for segmentation of liver tumor due in part to the variation of size, shape and position of the tumor. As the tumor may presence the same intensity with other objects in the CT images, it is necessary to segment the liver first so that tumor can then be segmented accurately [2] . Recently, a large variety of semi-automatic and automatic methods have been developed to improve the liver/tumor segmentation procedure. Region growing or clustering approaches are fast and easy to implement, but may become ineffective when the liver/tumor is inhomogeneous. Kumar et al. used a confidence connected region growing method for automatic liver segmentation and alternative fuzzy c-means clustering for tumor segmentation [3] . Goryawala et al. developed a semi-automatic liver segmentation method integrating a modified k-means algorithm with a localized region growing algorithm [4] . SSMs or probabilistic atlases can offer highly accurate results but need sufficient training data with gold standards to generate shape models or atlases. Kainmüller et al. introduced an automatic liver segmentation method using statistical shape models (SSMs) and constrained free-form deformations [5] . Linguraru et al. used normalized probabilistic atlases and a geodesic active contour method to segment the liver automatically, and then employed graph cuts and support vector machine (SVM) to segment the liver tumors [6] .
In this paper, we proposed a new approach for liver and tumor delineations on CT volume images based on graph cuts. It was highly efficient compared to manual segmentation, and provided accurate segmentation results. For liver segmentation, the liver VOI was extracted by histogram-based adaptive thresholding method and the supervoxels were then generated for the graph. For liver tumor segmentation, only one seed point for the tumor was selected manually to update the tumor VOI from candidate tumor regions. Both the intensity and spatial information were incorporated into the energy function of graph cuts.
Method

Image data
The proposed method was evaluated on the 3Dircadb clinical contrast-enhanced dataset [7] , which contains 20 abdominal CT volume images. the number of slices, in-plane resolution, and inter-slice resolution varied between varied from 184 to 260, 0.56 to 0.86 mm, and 1 to 4 mm, respectively. The ground truth was provided by experienced experts.
Liver segmentation
Pre-processing. The original CT image was first smoothed by Recursive Gaussian filtering and then resampled to isotropic voxel size by linear interpolation.
Liver VOI extraction. Moreover, fore/background seed points were then automatically sampled in/out the largest connected region. By applying contrast stretching, intensity values less than T lower were mapped to 0, and values greater than T upper are mapped to 255.
Supervoxel generation. The supervoxels for the liver VOI were generated by applying the simple linear iterative clustering (SLIC) method [8] . SLIC is a novel k-means based clustering algorithm which can generate nearly uniform size supervoxels quickly and efficiently. Let N v denote the number of voxels in the liver VOI, N v = N p S 3 , where S denoted the supervoxel spacing in each dimension, and N p was the desired number of supervoxels. The intensity of each supervoxel was computed as the average intensity of all voxels within the supervoxel.
Graph cuts based liver segmentation. Graph cuts segmentation achieves an optimal solution by minimizing the energy function via the max-flow/min-cut algorithm [9] . The graph G=(Q,W) was created, where Q represented the set of nodes. The nodes comprised the liver VOI supervoxels p, a source terminal Q S and a sink terminal Q T . The set of edges W consisted of two types of undirected edges: n-links connecting all unordered pairs (p,q) of neighboring nodes and t-links connecting each node to the two terminals. Let L=(l 1 ,…,l p ,…,l np ) be a binary vector whose components l p specified assignments to node p; {0,1} p l ∈ , with l p equaled 0 for background and 1 for foreground (i.e., liver).
The goal was to assign a unique label to each p by minimizing the energy function (
, where α and β were weighting factors. For the regional term R(l p ), intensity probabilistic information was incorporated by defining the term as negative log-likelihoods of fore/background Gaussian mixture models [10] . For the boundary term B(l p ,l q ),
, where V p denote the intensity of the node p.
Liver tumor segmentation
Tumor VOI extraction. The segmentation of liver tumor was conducted on the liver VOI with the segmented binary liver mask result. Firstly, all candidate tumor regions were extracted by using the Otsu algorithm [11] . As in the contrast-enhanced CT images, the intensity of tumor is darker than that of the normal liver tissue, Otsu with two thresholds was applied to the liver VOI image to generate thresholds T 1 and T 2 (T 1 < T 2 ), then, candidate tumor regions were obtained by applying binary thresholding [0, T 1 ] to the liver VOI. Moreover, based on the segmented liver contour, morphological dilating was applied to get a narrow band around the liver contour, candidate tumor regions which were in the narrow band were removed. Finally, morphological dilating, cavity filling and median filtering were conducted on the processed candidate tumor regions.
To extract the tumor VOI, a single seed point was used to decrease manual intervention. The criterion of seed point selection is to set the seed point close to the center of the real tumor region. Then, the tumor VOI was taken as the bounding box of the selected tumor region (initial tumor region) with a margin of 5 voxels around it.
Graph cuts based tumor segmentation. Necessary fore/background seed points should be selected for graph cuts. Foreground seed points were sampled around the manual user-selected tumor seed point, while background seed points were sampled near the boundary of the tumor bounding box.
In the graph cuts energy function (1), R(l p ) specified the cost of assigning a label to the node only based on its intensity probabilistic model. However, for tumor segmentation, as one tumor seed point was selected, spatial information was incorporated by defining a distance term to penalize nodes that were far away from the seed point s,
Then, the graph cuts algorithm was applied to the tumor VOI voxels.
Results
For evaluation, the segmented results of liver and tumor were compared with ground truth. All experiments were executed on HP EliteBook 8470w (Intel Core 2.40 GHz CPU and 4 GB RAM). The presented approach was implemented in C++ under Visual Studio 2008, with the use of the insight segmentation and registration toolkit ITK (http://www.itk.org). Examples of liver and tumor segmentation results are shown in Fig. 1 and Fig. 2 , respectively, where the red contours indicate the expert segmentations, and the yellow contours are the segmentation results by the proposed method. The segmentation accuracy is evaluated using the volumetric overlap error (VOE) [%], average symmetric surface distance (ASD) [mm] and maximum symmetric surface distance (MaxD) [mm] [12] . For liver segmentation, the mean VOE, ASD and MaxD were 7.7 %, 2.3 %, and 20.5 mm, respectively, with a runtime of 25 s on average. For tumor segmentation, the mean VOE, ASD and MaxD were 27.6 %, 1.2 %, and 8.4 mm, respectively. It took less than 20 s to segment a tumor. Experimental results show that the proposed approach can detect the liver tumor accurately comparable to the expert segmentations. 
Conclusion
This paper proposed a fast graph cuts based method for liver and tumor segmentation. As the liver/tumor VOI extraction and liver VOI supervoxels generation procedure were introduced to reduce computational time and memory requirement, the total running time was reduced significantly (a few minutes depending on the number of tumors), while accurate segmentation result can be obtained. Fore/background seed points were sampled automatically. For tumor segmentation, with only one user-selected seed point, spatial and intensity information were taken into consideration for graph cuts.
